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Data Assimilation (DA) for Parameter Estimation
• In this talk we are focused on DA for
parameter estimation.
• Unlike Numerical Weather Prediction,
parameters often a dominant source
of uncertainty with some physics not
well understood.
• Problem of parameter estimation
lends itself to Variational DA methods,
optimizing parameters over long time
window of data, to adequately
capture seasonal dynamics.
JULES model schematic
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Variational DA
Cost function:
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derivative and adjoint of the
process model. This is costly!

Modelled Value

Prior
Posterior
Obs

Time

− 𝒚&

Hybrid DA
• If instead of a single model
trajectory we have an ensemble we
can reformulate the cost function
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can then be used to approximate Perturbation matrix in observation space:
the model derivative and adjoint.
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LAVENDAR
• The Land Ensemble Variational Data Assimilation
fRamework (LAVENDAR) implements Hybrid DA
technique, similar to iterative ensemble Kalman
smoother, for land surface models.
• https://github.com/pyearthsci/lavendar
• The Land Variational Ensemble Data Assimilation Framework:
LAVENDAR v1.0.0,
GMD, https://doi.org/10.5194/gmd-13-55-2020, 2020.

• Improving soil moisture prediction of a high-resolution land
surface model by parameterising pedotransfer functions
through assimilation of SMAP satellite data,
HESS, https://doi.org/10.5194/hess-25-1617-2021, 2021.

• Allows us to find improved parameters/state for
models, informed by observations.

For parameter set run model forward for whole
assimilation window and spatial domain

Identify observations for time window and spatial domain

Sample Ne unique parameter sets

Run posterior model forward for every optimized
parameter set

Use LAVENDAR algorithm to
combine prior trajectories with
observations instantaneously to find
Ne optimized parameter sets valid
for the whole time window and
spatial domain

Run prior and posterior ensemble into the next Year to
judge improvement vs. independent observations

Pros and Cons
• PROS of Hybrid DA method ü
• Avoids the often complex and expensive
procedure of creating a model adjoint.
• Easily parallelisable.
• Uses all observations over a time window to
find initial states/parameters consistent with
model equations.

• CONS of Hybrid DA method û
• Subject to issues associated with other
ensemble methods, e.g. poor results if
ensemble size too small or poorly conditioned
(localisation & inflation may be required).
• Assumes Gaussian statistics.
7

UK Soil Moisture Data Assimilation
• Using LAVENDAR to estimate soil
parameters of Joint UK Land
Environment Simulator (JULES) model.
• Running JULES at 1 km resolution over
the UK using CHESS data.
• Assimilating satellite observations from
the NASA SMAP mission.
• Validate results using the cosmic-ray soil
moisture monitoring network
(COSMOS-UK) established by UKCEH.
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Assimilating SMAP over UK
Improving soil moisture prediction of a high-resolution land surface model by
parameterising pedotransfer functions through assimilation of SMAP satellite
data,
HESS, https://doi.org/10.5194/hess-25-1617-2021, 2021.
Black: SMAP observations
Blue: JULES prior (before DA)
Orange: JULES posterior
(after DA)

Assimilating SMAP over UK
Improving soil moisture prediction of a high-resolution land surface model by
parameterising pedotransfer functions through assimilation of SMAP satellite
data,
HESS, https://doi.org/10.5194/hess-25-1617-2021, 2021.
Black: COSMOS observations
Blue: JULES prior (before DA)
Orange: JULES posterior
(after DA)

Assimilating SMAP over UK
Improving soil moisture prediction of a high-resolution land surface model by
parameterising pedotransfer functions through assimilation of SMAP satellite
data,
HESS, https://doi.org/10.5194/hess-25-1617-2021, 2021.
Black: COSMOS observations
Blue: JULES prior (before DA)
Orange: JULES posterior
(after DA)

16% increase in correlation & 22% reduction in
RMSE after DA, averaged over all COSMOS sites.

TAMSAT LAVENDAR DA Africa
• As part of the TAMSAT group (tamsat.org.uk)
producing operational estimates of soil
moisture with JULES over Africa:
• gws-access.jasmin.ac.uk/public/odanceo/soil_moisture/

• TAMSAT is a satellite rainfall product over Africa
produced by the University of Reading.
• Running JULES with daily TAMSAT rainfall data
and using LAVENDAR to optimise model
parameters.
• Joint assimilation of SMAP and TROPOMI Solar
Induced Fluorescence (SIF) satellite
observations.
• Many more observations now
(1.5 – 2 million).

TROPOMI Solar Induced Fluorescence (SIF)
• Solar Induced Fluorescence observations from
TROPOMI instrument on ESA Sentinel-5P satellite.
• Radiation signal emitted by plants during the process
of photosynthesis observable at far-red wavelengths.
Assume linear relationship with GPP similar to
MacBean et al. 2018.
𝑆𝐼𝐹 ≈ 𝜂 × 𝐺𝑟𝑜𝑠𝑠 𝑃𝑟𝑖𝑚𝑎𝑟𝑦 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑣𝑖𝑡𝑦

• Chlorophyll fluorescence shown to be a more sensitive
indicator of water stress compared to greenness
indices due to the direct link to the underlying
physical processes.

TROPOMI SIF Sentinel-5P observations
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Soil Moisture Results

Solar Induced Fluorescence Results

Solar Induced Fluorescence Results (contd.)
• SIF assimilation very
beneficial for JULES
estimates of plant
productivity.
• SMAP soil moisture
appears to help
capture periods of low
productivity due to
water stress.
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Summary
• Introduced LAVENDAR hybrid DA technique,
avoiding need for model adjoint and instead
relying on ensemble of parallel model runs.
• Shown applications of technique to JULES
land surface model at 1km resolution over
the UK and 25km over continent of Africa.
• Find improved soil parameters and
hydrological predictions validated by in-situ
COSMOS probes.
• Improving water balance estimates improves
model estimates of SIF over Africa.
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Africa DA Distributions
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Pedotransfer FUNCTION(SOIL PROPERTIES,
ɸ1,ɸ2,…,ɸ15)

19

